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Abstract. 3D object comparison is presented as part of research into guided 
evolutionary Computer-Aided Design (CAD). CAD technology in development 
will combine human interaction and geometric optimization, within an existing 
evolutionary design system (EvoShape). Geometric Guides consist of simple 3D 
target objects (bounding volumes), to which evolving forms are compared. Before 
comparison, objects must be aligned and scaled, a process known as Pose 
Normalization (PN) in the literature. Both PN and object comparison have been 
implemented using standard geometric functions, enabling populations of evolving 
forms to be directed by the Geometric Guides. The algorithms and their 
implementation are presented alongside early results and analysis, discussion on 
limitations and robustness, and their suitability for Interactive Evolutionary CAD. 
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1. Introduction
For over two decades, Evolutionary Computation has formed the basis of evolutionary 
design systems which are traditionally either automated or interactive, with the latter 
well-suited for messy problems that are hard to evaluate using simulation (e.g. our 
primary application of form ideation within product design). Recently, relatively easy-
to-use CAD applications combining elements of user interaction and engineering 
optimization have appeared in major proprietary CAD systems, particularly in the area 
of topology optimization. Our research interests are related, but are distinctive in 
focusing on highly interactive methods (Interactive Evolutionary Computation) 
supporting more subjective design activities (aesthetic concept generation). 
EvoShape is a CAD application based on Interactive Evolutionary Computation 
(IEC), developed from the original Genetic Algorithm (GA) research described in Case 
et al [1]. It runs within a CAD system, utilizing its geometric modeller and user 
interface. The system relies solely on users to guide the evolution, from a random 
starting population of 3D shapes, by selecting or rating these shapes. The aim is to 
introduce more control by allowing users to create simple guiding geometry at the start 
of the evolution/exploration process. This has required research into Pose 
Normalization and object comparison, both of which have been implemented using 
standard geometric functions available within a CAD system, via its Application 
Programming Interface (API). 
2. Pose Normalization
The CAD application being developed by the authors requires users to create a simple 
3D geometric guide (hereafter, ‘target’), before they start to generate and explore 3D 
shapes (hereafter, ‘forms’). A target, which acts as a soft-constraint, may represent the 
overall proportions sought. To compare the evolving forms with the target, 3D object 
comparison algorithms are being developed (Section 3). For these to work effectively, 
forms need to be aligned with the target; this is commonly referred to in the specialist 
literature as “Pose Normalization” (PN) [2][3][4][5][6]. 
One driver for PN research is the need to search databases of CAD geometry (e.g. 
parts libraries). It is also highly applicable to the object comparison application in the 
IEC design system being developed. Before any processing, and due to arbitrary 3D 
orientation, scale, and position, a 3D alignment that finds the fittest position of each 
form compared to the target is required. PN is thus essential to align the target with the 
evolving forms being generated by the combination of GA and CAD modeller.  
Basic PN has been investigated using readily-available deterministic geometric 
properties such as Center-of-Mass (CoM), Principle Axis (PA) and Bounding Box 
(BB). The results look to offer appropriate efficacy for the application – and objective 
tests to confirm this are being devised. However, sophisticated algorithms have been 
identified in the literature [2] should they be required. Rotation, scaling and translation 
are carried out in that order, and presented in the following sections. 
2.1. Rotation 
Aligning PA of target and form is computationally efficient. It is not perfect, and can 
produce counter-intuitive results, as shown in Figure 1 and detailed in our previous 
paper [7] – but these deviations are rarely significant within the context of the guiding 
application. The principal X Y Z axes of forms and target are identified, and aligned 
with the global axes. This has the effect of ‘standing all the objects up’ (as seen in 
Figure 3). Early user-testing has indicated that users would prefer the original 
orientation of the target to be maintained (some products naturally lie down, 
furniture for instance, and look odd aligned otherwise). The centre of the BB of each 
form is used as the centre of rotation – this works better than using the CoM, resulting 
in less of a jump. Functionally this is unimportant as the third translation step 
accounts for any undue movement of the object, but it produces a more pleasing result 
visually, if users are watching the analysis on screen. 
Figure 1. An object’s Principle Axis (PA) aligned with the Z-axis (left) compared to a more intuitive 
alignment of the object (right), where the PA of the dominant geometry, the cylinder, is used. 
2.2. Scaling and translation 
Firstly, the X, Y and Z lengths of each target and form’s BB are established. Then the 
ratios (X Y Z lengths of the target BB divided by X Y Z lengths of the form BB) are 
calculated, and the form is scaled uniformly according to the smallest ratio of the three. 
This has the advantage of keeping the BB of the form within the BB of the target. It 
produces reasonable scaling estimations, preferred to the results of matching volumes 
(seen in Figure 2), and achieves robustness with typical EvoShape geometry. 
The centre of the base of each form’s BB is used as its local origin within each cell 
of a 4 x 3 grid, and to co-locate the target before object comparison. This works better 
than using the CoM, producing a more even spacing between forms (Figure 3). 
Figure 2. Scaling using BBs (upper): the BBs of the white forms do not exceed the BB of the brown targets. 
Scaling by volume (lower) is less satisfactory, and the form BBs generally exceed that of the target. 
Figure 3. A population of 12 white forms and brown target 
after PN, compared to the same population beforehand (left). 
3. Object Comparison
Once form and target are aligned, Boolean operators are used to calculate how closely 
they match. Our approach is based on the principle of non-intersecting volumes, i.e. 
any material volume outside the intersection of the two objects counts as a penalty. 
This can arise from target material not within the objects’ intersection, and material 
from the form not within the objects’ intersection. The sum of these two volumes acts 
as an Objective Function representing how closely the two objects match, shown 
graphically in Figure 4 and mathematically in equation (1). The sum non-intersecting 
volumes tend to zero as the evolving forms more closely match the target. 
𝑺𝒇 = (𝑽𝒕𝒂𝒓𝒈𝒆𝒕 - (𝑽𝒕𝒂𝒓𝒈𝒆𝒕 ⋂ 𝒇𝒐𝒓𝒎)) + (𝑽𝒇𝒐𝒓𝒎 - (𝑽𝒕𝒂𝒓𝒈𝒆𝒕 ⋂ 𝒇𝒐𝒓𝒎))  (1)
This can be simplified to: 𝑆𝑓 = 𝑉𝑡𝑎𝑟𝑔𝑒𝑡+ 𝑉𝑓𝑜𝑟𝑚 − 2(𝑉𝑡𝑎𝑟𝑔𝑒𝑡 ⋂ 𝑓𝑜𝑟𝑚).
 𝑆𝑓 is the Objective Function of an evolving form.
 𝑉𝑡𝑎𝑟𝑔𝑒𝑡  and 𝑉𝑓𝑜𝑟𝑚 are the volumes of target and form.
 𝑉𝑡𝑎𝑟𝑔𝑒𝑡 ⋂ 𝑓𝑜𝑟𝑚 is the intersecting volume of target and form.
Figure 4. From left to right: target; form; after PN; intersection; non-intersecting volumes 
Figure 5. Max fitness, Y, vs generation, X, shows evolution of three different (random) starting populations. 
4. Results
The IEC design system’s aim is not to ‘find the target’, but this task is used here to 
assess the efficacy of the PN and object comparison. A form’s % match with the 
target is sometimes used as a more intuitive expression than fitness functions. 
Figure 5 shows that starting populations affect outcome. The graph shows one 
starting population achieves a maximum fitness corresponding to a 99% match 
(with the Cylinder target) after 4 generations. With 12 objects in each population 
this amounts to 48 total forms evaluated. A different starting population reaches the 
same fitness but not until the 18
th
 generation (G18). A third reaches only a 97%
peak in G15 but then settles at 96%. For this reason, the data presented in Figure 6 
for four different targets are the mean of three different random starting 
populations. The graphs also show that maximum fitness drops at certain points – 
Figure 7. Evolved populations alongside their target shapes, in order of effectiveness: Cylinder, G15 (upper- 
left); Broken Ice Cream, G20 (upper-right); Counter, G20 (lower-left); Roof, G15 (lower-right). 
Figure 6. % match, Y, vs. generation, X, shows the evolution guided by four different targets. 
this will be addressed by introducing a GA technique called ‘elite replacement’, 
where the fittest member is automatically carried over into the next population. 
5. Conclusions
Our PN and object comparison algorithms, implemented with standard geometric 
functions, successfully enable meaningful objective function allocation to evolving 
forms. Simple targets (Cylinder, Broken Ice Cream in Figure 7) produce excellent 
results – accurate and efficient. The plain cylindrical target populations converge at 
G15 with a 97% average match and a 99% best. The inverted cone shape target 
populations average 45% by G20 (80% best). The system is less effective as target 
complexity increases, particularly where targets cannot be represented with single 
geometric primitives (e.g. Counter, 38% average by G20, 70% max), especially where 
these kinds of targets occupy a low % of their BB (e.g. Roof, 11% mean match in G15, 
but no improvement over time, or convergence). Although the fitness of some of these 
populations is still rising at G20, our belief is that object comparison methods should 
be investigated further in order to improve efficacy. 
5.1. Related and future work 
The next step in the research is combining g-guides with user-selection; to investigate 
and develop the human-machine interaction strategies which best complement the 
evolutionary design process. There are two broad approaches: larger populations, or 
more generations. The former involves processing larger populations ‘behind-the-
scenes’ and using the g-guides to select a subset of 12 forms to present to the user. The 
latter option involves keeping the population sizes at 12, using g-guides to evolve the 
majority of populations but presenting every n
th
 generation to the user. The results 
presented in this paper suggest that larger populations will have the greatest benefit. 
Progress on this aspect of the research will be presented at the conference. 
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